
Practical OmicsFusion 
 

Introduction 
In this practical, we will analyse data, from an experiment which aim was to 

identify the most important metabolites that are related to potato flesh colour, 

from an LC-MS analysis. The dataset consists of 91 different genotypes, 

progeny from a cross between two diploid potato parents.  

Since the number of predictors is larger than the number of individuals (the 

samples, the genotypes), traditional multivariate regression techniques cannot 

be used very well (apart form forward regression). Univariate regression is 

possible but only assesses one predictor at a time and not all. In this 

practicum, we want to use some of the ‘modern’ regression techniques that 

are available for data sets with collinearity due to the large number of 

predictors. 

OmicsFusion application 
OmicsFusion is a web application developed by Animesh Acharjee and 

Richard Finkers at Plant Breeding. It can perform univariate regression and a 

number of modern regression techniques and then ranks the predictors 

according to an importance criterion (mean rank over all the methods) so that 

in the visualization the top list contains the most important predictors.  

The multivariate regression techniques used are: PCR (= principal component 

regression), PLS (partial least squares), ridge regression, lasso regression, 

elastic net regression, sparse PLS regression, and random forest regression 

(see also the reader on multivariate regression, provided). These techniques 

are different in the way they deal with the dimensionality, in the way they deal 

with correlated variables, and in whether or not they carry out variable 

selection (so: reduce the number of predictors to a smaller set of predictors). 

Usually in these procedures, one or more parameters of the procedure need 

to be chosen by the user or by an automated optimization procedure. In 

OmicsFusion this is done by a tenfold cross-validation procedure: the data set 

is split into two parts: 90% of the samples are the training data, 10% are the 

test data. Models with different values are run using the 90% and the result is 



tested on the remaining 10%. This is done for revolving sets of 90% vs. 10% 

in a way that each sample is in the 10% exactly once per ten cross-validation 

rounds.  

 

OmicsFusion user interface 
OmicsFusion is a web-based application and can be accessed at: 

http://www.plantbreeding.wur.nl/omicsFusion/. There are three main options, 

all accessible from the menu (Figure 1). “Submit analysis” can be used to start 

a new analysis at any time. The “previous analysis” option can be used to 

retrieve results of previous analyses. A description of the used methodology 

can be found under the “Analysis methods” menu. The “submit analysis” and 

“previous analysis” options will be described in more detail. 

 

Submit analysis wizard 
The submit analysis wizard guides users through the necessary steps to start 

a new analysis.  

1. The first step asks for basic user details. This information is used to 

communicate progress of the analysis to the end-user. This is important, 

as some methodology, such as Random Forest analysis, is 

Figure 1: omicsFusion graphical user interface.  



computationally intensive and might take several days to complete on 

large datasets.  

2. The second steps involves upload of the excel sheets containing the data. 

The predictor and response sheets are obligatory while the predict 

response file is optional. It is also obligatory to indicate the type of the data 

as this will be used in future to offer relevant data normalization options. 

Inappropriately formatted excel sheets will be rejected. Currently, only the 

first response variable will be analysed, while the predictor matrix should 

contain at least 5 variables.  

3. The third step involves selection of the analysis methods of interest. 

Random Forest and SPLS are deselected by default, as they are the most 

computationally intensive.  

4. The fourth step summarizes all settings and allows the actual submission 

of the analysis. A confirmation email, containing a unique identifier, is send 

to the user upon submission. This identifier can be used to retrieve the 

results of this analysis. In the near future, an additional email will be send 

upon completion of all analysis, as a typical analysis run takes more than a 

day. 

 

Previous analysis  
The previous analysis option requires a valid job identifier for retrieval of the 

results. This unique identifier is emailed to the user upon completion of the 

submit wizard. A summary table, including the results of all finished analyses, 

will be shown (Figure 2). The best prediction variable is ranked on top of the 

table. Mouse over will show the standard deviation of the coefficients, over all 

iterations. This mouse over will also show the rank of this predictor variable, 

for a specific analysis method. The colour of the background depends on the 

rank of the value in that cell. A darker background means a higher ranked 

predictor variable. Each predictor variable is hyper-linked and will show the 

XY scatter-plot of the predictor versus the response variable (Figure 3). 

Additional features, for interpretation of the results, will be added in the future. 

 

 



 
 

 

 

Figure 2: Result of a typical omicsFusion analysis. The results for all 
analyses are summarized in a single table. Results are ranked 
according to p values (univariate, BH) or regression coefficients 
(other methods). The best ranking predictor variable, for the 
analyzed response variable, is listed at the top of the table. For easy 
interpretation, the highest coefficients for the multivariate methods 
are highlighted using a darker background. 

Figure 3: XY scatter of the response and the predictor 
variable. 



Use case 
We will run the analysis with potato flesh colour as the phenotypic trait of 

interest. The genotypes were scored in three repeats consisting of two plants 

each, with scores on an ordinal scale from 1 to 9 where 1 is ‘white’ and 9 is 

‘dark yellow to orange’). Flesh color scores were then averaged over the 

replicates. For metabolomics analysis, the exact same material (potato tubers 

of the same genotypes) was used for Liquid chromatography–time of flight 

mass spectrometry (LC-QTOF MS) analysis which resulted in over 16,000 

individual mass peaks. Mass peak signals below background were removed 

resulting in about 10,000 remaining mass peaks. The next step was to make a 

selection of these 10,000 peaks based on skewness of the data and all mass 

peaks with a skewness score below -2 and above 2 for the progeny and a 

score below -1 and above 1 for the parental repeats was discarded. The 

signal intensities of the 1,100 remaining mass peaks were then correlated to 

all the available quality trait data of this population. P-values of these 

correlations were calculated using Student’s t-test. A number of 163 mass 

peaks with the highest significance (p<0.0005) were selected. Before analysis 

the metabolite data was 10log transformed for symmetry and then auto scaled. 

Auto scaled variables have a mean of zero and a variance (and also standard 

deviation) of one, thereby giving all variables (mass scan numbers) an equal 

weight in the analysis. LC-MS peaks are characterized by their mass and 

scan number (mass_scan). For most of the LC-MS peaks there currently is no 

annotation available. 

 

Start a new analysis 
There are two excel files provided on blackboard for performing and 

omicsFusion analysis. The files are CE_Flesh.xls (phenotype) en CE_Met.xls 

(metabolomics). 

1. Submit a new omicsFusion analysis using the CE data files. 

2. What is your unique identifier? 
 



Interpretation of results 
We have pre-computed the results of the analysis. You can access these 
results using the session identifier: D8933 

1. What is the top ranking predictor variable. 

2. Is the top ranking predictor variable selected in all analyses? 

3. Why do we observe empty cells in the results of Lasso, elastic net and 

SPLS?  

4. How many variables are selected with Lasso? 

5. How many with Elastic Net? 

6. How many with SPLS? 

7. How many are selected with all three variable selection methods? 

8. In the univariate method, how many variables were significant (p < 0.05)? 

9. In the univariate BH method, how many were significant (p < 0.05)? 

10. Is there a necessity to run all methods? 

11. Select one of the variables and have a look at the XY scatter plot by 

clicking on its identifier. What type of correlation do you see between the 

metabolite and the phenotypic trait? What does that mean? If you are 

interested in dark yellow tubers, what level of values should you have for 

the metabolite you chose? 

12. Is there anything you can say about statistical significance of individual 

metabolites? 

13. Is there anything you can say of the prediction for new samples if you used 

one or more selected metabolites to predict the phenotypic trait? 

14. What information do you miss from the results? 


